Regions of the nuclear genome may harbor sequences of mitochondrial origin, indicating an ancestral transfer of mitochondrial DNA into the nuclear genome. These Nuclear Mitochondrial Segments (NUMTs) are traditionally detected by sequence similarity search, as implemented in the Basic Local Alignment Search Tool (BLAST). Confidently detecting such NUMTs is important for the comprehensive annotation of the human genome. Here we explore the possibility of detecting NUMTs in the human genome by alignment-free approaches, such as k-mers (k-tuples, k-grams, oligos of length k) distributions. We find that when k=6 or larger, the k-mer approach and BLAST search produce almost identical results, e.g., detect the same set of NUMTs longer than 3kb. However, when k=5 or k=4, certain signals are only detected by the alignment-free approach, and these may indicate yet unrecognized, and potentially more ancestral NUMTs. We introduce a "Manhattan plot" style representation of NUMTs predictions across the genome, which are calculated based on the reciprocal of the Jensen-Shannon divergence between the nuclear and mitochondrial k-mer frequencies. An inspection of Genome Browser annotations shows that most of the k-mer specific NUMT predictions contain Long Terminal Repeat (LTR), whereas BLAST based NUMT predictions do not.
Introduction
types might be called de novo NUMT and somatic NUMT, respectively. Furthermore, NUMTs also provide an opportunity to study the evolutionary history of genomes (e.g., (Zischler et al., 1995; Perna and Kocher, 1996; Mishmar et al., 2004; Gunbin et al., 2017) ).
There have been several attempts to catalog all human NUMTs. After the initial human genome sequence became available, 296 NUMTs were identified through a combination of alignment (BLAST with the default setting) and co-linearity of conserved blocks, of sizes between 106 and 14kb (Mourier et al., 2001) . Comparison of various early attempts of compiling human NUMTs was made in (Lascaro et al., 2008) , with 190 consistent entries. The current standard list of human NUMT is based on two studies with very similar number of hits: 755 NUMTs in (Ramos et al., 2011) and 766 NUMTs in (Simone et al., 2011) , with an update to 585 NUMTs in (Calabrese et al., 2012) .
This list of computationally predicted (in silico) NUMTs is based on sequence alignment, in particular the BLAST alignment (Altschul et al., 1990) . The BLAST algorithm first finds exactly matching k-mers (l-tuples, n-grams), with k usually small, in the two sequences. The matching k-mer is then extended to maximum length, which is identical in the two sequences.
The series of exactly matching segments in the observed order, with possible gaps between segments, is then returned as a BLAST alignment. The biological assumption behind the design of this algorithm is that the divergence between two sequences is exclusively caused by small insertions, deletions, and point mutations. If the mutational dynamics of the sequences have been more complicated, alignment-based approaches like BLAST will have difficulty to detect a common ancestry of two sequences (greater dissimilarity due to greater evolutionary distance is another situation where alignment-based methods may fail).
To overcome these challenges, alignment-free methods have been proposed (Blaisdell, 1986; Vinga and Almeida, 2003) , as these do not consider the ordering of the matching k-mers in two sequences. The justification of this alignment-free approach is that if two similar sequences diverge not only due to mutations, insertions, deletions, but also through a more complicated reshuffling, alignment-based methods would fail to detect the remote homology.
Another potential situation where alignment-based methods fail are regions that are hot-spots of insertion of short DNA segments, where the insertion occurs at different time and at random insertion points. In these instances, even if the ancestry of the DNA segments is the same, the lack of ordering of the inserted pieces would prevent an alignment-based to detect the homology.
In this paper, we ask the question whether large BLAST-alignment-detected NUMTs are equivalently detected by alignment-free methods, i.e., can be recognized by the similarity of k-mer/l-tuple distributions. Previously, it was found that repetitive sequences account for onehalf of the human genome with the alignment-based approaches, whereas repetitive sequences account for two-third by alignment-free approaches (Gu et al., 2008; De Koning et al., 2011) .
Therefore, we may expect the possibility of certain difference between the k-mer-based and BLAST-alignment-based detection of NUMTs. The paper is organized as follows: we first describe our k-mer analysis design; we then establish that k-mer distributions between MT and nuclear genome are indeed distinguishable; k-mer based NUMTs detection is then carried out for k=6,7, and for k=4,5; the results are discussed in the context of our current knowledge about NUMTs as well as the broader biological context.
Results

Issues in designing a k-mer based NUMT detection method
We use a moving window to scan the nuclear genome sequence for regions with a similar k-mer frequency distribution as the mitochondrial genome sequence. There are several decisions to be made to have a practical detection approach:
1. Window size and moving distance: The choice of window size is closely related to the size of region that is similar to MT. We choose window size of 3kb, and moving distance of 1/8 the window size, targeting NUMTs in the range of 3kb size. In order to test robustness of the result, we also rerun the calculation at peak locations with a moving distance of 1 base. The size of the human mitochondrial genome is 16569 bp, and thus expect to detect NUMTs that comprise roughly one fifth of its size.
2. Measure of similarity between two k-mer frequency distributions: This topic is extensively covered in (Vinga and Almeida, 2003) . We use the Jensen-Shannon (JS) divergence (Burbea and Rao, 1982; Rao, 1982; Lin, 1991) based on an application of Jensen's inequality for convex/concave functions. We denote {m i = (p i + q i )/2} for the high-dimensional mid-point between the two distributions, and JS divergence is defined as:
JS divergence is a symmetric version of the Kullback-Leibler distance (relative entropy).
We previously used JS divergence to segment DNA sequences into relatively homogeneous halves (Bernaola-Galvan et al., 1996; Grosse et al., 2002; Li, 2001; Li et al., 2002) The alignment-free similarity signal is measured by the reciprocal of JS divergence: 1/JS.
Other measures have been tried, such as the Euclidean distance, but JS divergence proved to be a choice that was more consistent with alignment-based approaches.
The value(s) of k:
We have used the following k values: 3,4,5,6,7. Several procedures for choosing the value of k are used. The first is to find the k value that maximizes the number of more-than-once k-mer types (Sims et al., 2009 ). The idea behind this approach is that if a sequence is constructed with each k-mer type occurring only once (Fraenkel and Gillis, 1966 ) (a Hamiltonian cycle on the De Bruijn graph where each kmer is represented by a node (e.g., (Pevzner et al., 2001) )), no k-mer type could claim to represent the sequence. Only k-mer types which appear more than once have a chance to be part of the signature, and it is desirable to maximize the set of k-mer types. Fig.1(A) shows that for MT sequence, the number of k-mer types (with one or more counts) peaks at k=7.
Another strategy for choosing the right value for k is based on whether a k-mer type frequency is well predicted by all (k-1)-mer and (k-2)-mer frequencies (Sims et al., 2009 ).
If the predicted and observed k-mer type frequencies are close (measured by the Kullback-Leibler (KL) divergence), there is not much new information gained by increasing the oligo length to k. Fig.1(B) shows that the KL divergence is highest around k=7-8. (and reaches zero at k=14).
Yet another consideration for choosing k is provided by the formula: k=log 4 (N) + 1 (Price et al., 2005; Campagna et al., 2004; Gu et al., 2008) , where N is the size of the region where k-mer frequency is counted, which can be the whole genome length, one chromosome length, or window length. This number is very similar to the formula k=log 4 (2N) = log 4 (N) + 0.5 when each k-mer type appears only once in the genome (Li et al., 2014) . Based on these two formulas, for a 3kb window, the optimal choice of k is 6.28-6.78, and for 12000 base MT sequence, the choice of k is 7.28-7.78. Even longer k-mers are considered in (Wang et al., 2016) , serving different purposes (and not discussed here).
4. Not using strand symmetry to combine direct and reverse-complement k-mers:
Strand symmetry (or Chargaff's second parity rule) (Elson and Chargaff, 1952; Li, 1997; Forsdyke, 2016) is true for k-mers (Prabhu, 1993) for most long genomic sequences. If the strand symmetry holds, a k-mer (e.g. AACGT) has almost identical frequency as its reverse complement (e.g. ACGTT), then these two k-mers might be grouped into one unit. However, mitochondrial sequence is short, and many organellar sequences do violate strand symmetry (Nikolaou and Almirantis, 2006) . The strand asymmetry in mitochondria is the basis for the distinction between heavy and light strands (e.g. (Reich and Luck, 1966) ). Consequently, we use the frequency of all 4 k k-mer types, not 4 k /2, in characterizing the MT sequence. However, a genomic sequence is scanned twice, once for the direct strand and another for the reverse complement strand.
5.
Threshold in an alignment-free peak call: When 1/JS is high enough (or JS low enough), we make a NUMT prediction call. The threshold of the peak call was based on the known NUMTs that are longer than 3kb (same as the window size). The 1/JS values of all these large NUMT loci are sorted, and the second lowest 1/JS value is used as the threshold. Since there are 38 NUMTs in the most recent collection (Calabrese et al., 2012) that are larger than 3kb, missing 2 peak calls correspond to a false negative rate of 5%.
Note that we did not use other public domain, specially-designed, computationally-efficient k-mer count programs, because of the small k values chosen in this paper allowed for less optimal implementations. Many space/time efficient programs have been developed for dealing with much larger k-values (e.g. k > 20), and one can refer to these publications: (Kurtz et al., 2008; Marcais and Kingsford , 2011; Melsted and Pritchard, 2011; Rizk et al., 2013; Deorowicz et al., 2013; Zhang et al., 2014; Roy et al., 2014; Patro et al., 2014; Audano and Vannberg, 2014; Melsted and Halldorsson, 2014; Deorowicz et al., 2015; Mamun et al., 2016; Sivadasan et al., 2016; Bray et al., 2016; Pandey et al., 2017; Marchet et al., 2017; Ebert et al., 2017; Kokot et al., 2017; Patro et al., 2017) .
Nuclear DNA and mitochondrial DNA have overall different k-mer distributions Windows from MT genome are near the outskirt of the main band. When windows with mostly (more than 99%) unique (non-repetitive) sequences and those with mostly (more than 99%) repetitive sequences are marked (red and green, respectively), MT windows are closer to repetitive sequences. Fig.2(B) shows the second and third dimension of MDS, and again MT windows are on the border of the main band.
To see whether the MDS dimensions (1,2,3) represents simple features of the sequence, we calculate the following parameters: percentage of unique (non-repetitive) sequence, GCcontent, Jensen-Shannon divergence between the k-mer frequency and its reverse-complements.
The latter is a measure of the strand asymmetry at the k-mer level: zero means strand symmetry, and large value for violation of strand symmetry. Table 1 shows that MDS dimension-1 closely follows the GC-content (Spearman correlation coefficient (cc) = −0.98, p-value < 2 × 10 −16 ). The negative sign doesn't have any particular meaning, as the direction of the MDS axis is arbitrary. MDS1 is also highly correlated with proportion of unique sequences (Spearman cc = −0.66, p-value < 2 × 10 −16 ) MDS1 is not only correlated with these two quantities again (though with lesser strength), but also weakly correlated with the strand asymmetry (Spearman cc= −0.1, p-value = 2 × 10 −8 ). MDS3 is weakly correlated with GCcontent (Speaman cc= 0.055, p-value = 0.002).
The classic/metric MDS is a linear projection from high to low dimensional space. A Manhattan plot of alignment-free peaks for NUMTs at k=6 and k=7
A common technique in genome-wide association studies (GWAS) of human genetically complex traits is the so called Manhattan plots, which plot genetic variant association signals (often measured by the − log(p-value) ) as a function of chromosome location across all chromosomes (e.g. (Wellcome Trust Case Control Consortium, 2007) ). Here we introduce this idea to plotting the alignment-free signal of mitochondrial DNA insertion into nuclear genome. The signal strength used is the reciprocal of JS divergence, 1/JS, between the two k-mer distributions, with the target being the overlapping window of size 3kb along the chromosome (and its reverse complement), and with the query being the mitochondrial sequence (and its reverse complement). We note that some peaks are very close to either telomere (chr1) or centromere (chr17). It has been observed that somatic large-scale structural changes in cancer cells can be grouped into telomere/centromere-bounded and not-telomere/centromere-bounded categories (Zack et al., 2013) . The two categories affect different sizes of chromosome regions, and may be caused by different mechanisms. In Fig.3 , two out of the four highest peaks are close to telomere or centromere.
Our observations that for k=6 alignment-free peaks are fully explained by alignment-based NUMTs at 3kb or larger size, as well as some NUMTs with 1kb-3kb sizes, is robust to our choice of peak calling. Initially, the peak called is based on the second lowest 1/JS value for the 38 NUMTs larger than 3k, when 3kb window moves 375 bases at the time (that 1/JS is 3.305). We do not come to different conclusions, when we move up the threshold for peak calling at 1/JS > 3.346, when the window moving step is changed from 375bp to 1 base. To test the robustness, we also lowered the threshold for peak calling by the lowest (instead of the second lowest) 1/JS value for the 38 NUMTs larger than 3kb (1/JS > 3.2945): again, all peaks are explained by known NUMTs 1kb or larger.
Similar conclusion are also reached for k=7 (plot not shown). If we use 1/JS > 7.7336 as the peak calling criterion (which is the second lowest 1/JS value for +3kb NUMTs with moving step of 1 base), all peaks can be explained by BLAST-based NUMTs 1kb or larger. When the peak calling is less stringent, at 1/JS > 1.711 (lowest 1/JS value for +3kb NUMTs with moving step of 1 base), 1.6845 (second lowest 1/JS value with moving step of 375 bases), 1.659 (lowest 1/JS value with moving step of 375 bases), we either observe the same conclusion or only a few isolated probably false-positives.
New alignment-free peaks at k=5 and k=4
New alignment-free peaks start to appear when k is reduced to 5 and below. This is shown in Fig.4 which has 9 loci with peaks (1/JS > 8.666, which is the second lowest peaks for known NUMTs larger than 3kb, with moving distance of 1 base) that do not have an underlying known NUMTs of 1kb or longer. Two of the loci (chr3:89.587Mb, chrX:126.471Mb) contain known NUMTs of length shorter than 1kb. The rest of the 7 loci are listed in Table 2 .
The new peak near chr1:9.093Mb is the highest and widest one among those in Table 2 .
We plot the 1/JS in the region separately in Fig.5(A) . The 3kb window size is marked for each point as a reminder of the length scale. If the peak height is about 9, and the genome-wide average is 5, the half-height points can be used to measure the peak width. This leads to the peak region from 9087.75kb to 9096.75kb, or, of width of 9kb. Other peaks listed in Table 2 have narrower widths, as well as lower heights.
At k=4, the relative peak heights of +3kb NUMTs span a much bigger range. If we still use the second lowest peak value of the 38 +3kb NUMTs, many new loci will pass the peak call. To be more conservative, we use the 4th lowest value among the +3kb NUMTs, which is 1/JS = 22.89, as the threshold. With this criterion, 18 loci are called: 5 of them already appear for k=5; 1 with known underlying NUMTs of less than 1kb size. This leads to 12 new alignment-free signals at k=4 (see Table 2 ).
We arbitrarily picked one of the new alignment-free peaks for k=4 at chr3:141.699Mb to be examined in more detail ( Fig.5(B) ). If we consider the peak height as 1/JS=24, baseline as 1/JS=10, the half-height value is 1/JS=17. Using this half-height, the width of the peak is roughly 7.1kb (extending both ends of the 3kb window).
The alignment-free similarity signal for k=5/chr1 and k=4/chr3 are further analyzed by the pairwise BLAST program comparisons to the mitochondrial genome. As expected, there are no hit if megablast (highly similar) and discontigous megablast (more dissimilar) options are used. However, blastn (somewhat similar sequences at least seven bases long) produce 9 (8) matches between the chr1 (chr3) peak and MT sequence.
Annotation tracks of the new alignment-free peaks
We finally used the Genome Browser to examine all +3kb BLAST-based NUMTs and new alignment-free peak regions listed in ters. There appear to be isolated appearance of SINE and LINE, but these are not prominent in these regions.
The biggest annotation difference between the BLAST-based and alignment-free peaks is the co-localization with Long Terminal Repeat (LTR). All alignment-free peak regions in Table   2 , with one exception, cover a LTR. On the other hand, only one BLAST-based NUMTs (HSA NumtS 565, chrX) covers a LTR. The difference is statistically very significant (χ 2 -test p−value -3×10 −11 ) indicating that biological mechanism of NUMT predictions as derived from the two types of signals might be different.
Discussion
We use a novel alignment-free strategy for detecting NUMTs through sequence similarity, which points to several genome regions that may have yet unrecognized ancestry in the mitochondrial genome. The principal validity of our alignment-free approach is supported by the fact that all of our detected NUMTs with parameters at k=6 and k=7 (and window size 3kb) have also been identified with earlier alignment-based methods. This confirms a previous conclusion that alignment-free methods could be as powerful as (or even outperform) Smith-Waterman alignment (Zielezinski et al., 2017) for the detection of homologous sequences. Also, this result indicates that potential MT insertions followed by complicated dynamics may only be detected in a certain parameter range (e.g., lower k's). The principal question is very sim-ilar to the situation of detecting repetitive elements in the human genome (De Koning et al., 2011) , where the result depends on parameter values chosen, such as proportion of bases in a window that match signature k-mers (k=14-15 in that application).
The motivation of using alignment-free methods in detecting homologous sequences has been well summarized in a recent review (Zielezinski et al., 2017) . Our approach mainly aims at the problem (case no.1 in (Zielezinski et al., 2017) ) that alignment-based approaches may miss MT insertions, if the insertion event was followed by a more complicated evolutionary dynamics.
Although we follow the basic playbook in k-mer distribution approach (Fig.1 in (Zielezinski et al., 2017) ), there are some subtle differences: we compare the k-mer distribution from one strand of MT with that from the nuclear DNA of the standard strand, as well as that of the reverse complement strand; we use the JS distance instead of Euclidean distance, because we found that the former leads to a more consistent result with the alignment-based method.
We have chosen the peak calling criterion carefully, by using the peak heights from the known (i.e., alignment-based) NUMTs and allowing for a 5% false negative rate, in order to avoid high false positive rates. Although we do not have a theoretical foundation for our choices (which are mostly made by trial-and-error), there are multiple reasons to believe that chance events do not cause these k-mer (at k=5 or 4) similarity peaks, that are not listed among the previously known NUMTs. First of all, when the sequence is reversed (but not complementary), 1/JS values in these peak regions are much reduced. This is another way to say that an insertion followed by an inversion is very rare at the 3kb range or longer. Secondly, when k=3, all peaks observed at k=5 or k=4 spanning more than one window (see Table 2) are still peaks. This consistency for reduced k indicates the robustness of the result.
A previous application of alignment-free methods to mitochondrial genome has been to distinguish different MT haplogroups (with close to 5000 of them existing) (Navarro-Gomez et al., 2014). This is a very different goal from our analysis: all MT haplogroups have similar k-mer distributions when k is low (e.g., k=4-7), so in order to identify one haplogroup among many, the signature k-mers have to be unique to that haplogroup, which can only be achieved In conclusion we find that current NUMTs predictions are equally well detected by for certain parameter range (e.g. k¿5), but additional NUMTs are detected with smaller choices of k (k=5 or k=4). The precise nature of these novel NUMT predictions remains to be determined. Mutually non-exclusive possibilities would be a even earlier ancestral origin of these novel predictions, or a more complex mutational history. We note that most of these novel predictions overlap with LTR annotations in the human genome, which may indicate interactions of NUMTs with LTRs, or greater sequence similarity of parts of the mitochondrial genome with LTRs. Future studies may also look into the parts of the mitochondrial genome where these NUMTs did originate, or consider the hypothesis that certain nuclear sequences have been transferred into the mitochondrial genome over the course of more than a billion years of co-evolution of the two genome.
Data and Methods
The list of previously established NUMTs is obtained from the supplementary material We used the BLAST web interface at https://blast.ncbi.nlm.nih.gov/Blast.cgi to obtain pairwise alignments, choosing "Nucleotide BLAST" → "Align two or more sequences" → (parameter setting) "Somewhat similar sequences" (blastn).
We used the UCSC Genome Browser https://genome.ucsc.edu to obtain annotation at queried chromosomal regions, choosing "(Genomes) Human GRCh38/hg38". Both mitochondrial and nuclear DNA sequences were downloaded from http://hgdownload.soe.ucsc.edu/ goldenPath/hg38/chromosomes/ (chr1.fa.gz, chr2.fa.gz, · · · chrM.fa.gz).
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WL designed the overall study, performed the final analysis, and wrote the paper; JF designed and performed the initial analysis, and wrote an initial analysis report. horizontal lines represent the threshold for peak calling: the threshold value for calling a NUMT prediction is chosen to be the second lowest 1/JS values among 38 previously known NUMTs (with size larger than 3kb).
The difference between the two horizonal lines is that one was obtained from moving windows 375 bases (for 1/JS=3.346), and another from moving windows by 1 base (for 1/JS=3.305). All observed peaks above these lines can be explained by the known NUMTs as listed in (Calabrese et al., 2012) : those with sizes larger than 3kb are colored in pink, those with size between 2kb and 3kb in blue, and those between 1kb and 2kb in green. Figure 5 : (A) Distribution of 1/JS for k=5 over a signal peak region at chromosome 1. The peak calling threshold is marked by pink, and genome-wide median of 1/JS is marked by grey. The peak width is estimated from the left end of the 3kb windows reaching 1/JS=7, to the right end of the 3kb window falling off from 1/JS=7, which is from 9087.75kb to 9096.75kb, or 9kb. (B) Distribution of 1/JS for k=4 over a signal peak region at chromosome 3. The width of the peak is estimated to be 7.1kb from 141694.9kb to 141702kb.
